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Recently non-coding RNA (ncRNA) genes have been found to serve many important functions in the cell such as regulation of gene
expression at the transcriptional level. Potentially there are more ncRNA molecules yet to be found and their possible functions are
to be revealed. The discovery of ncRNAs is a diﬃcult task because they lack sequence indicators such as the start and stop codons dis-
played by protein-coding RNAs. Current methods utilize either sequence motifs or structural parameters to detect novel ncRNAs within
genomes. Here, we present an ab initio ncRNA ﬁnder, named ncRNAscout, by utilizing both sequence motifs and structural parameters.
Speciﬁcally, our method has three components: (i) a measure of the frequency of a sequence, (ii) a measure of the structural stability of a
sequence contained in a t-score, and (iii) a measure of the frequency of certain patterns within a sequence that may indicate the presence
of ncRNA. Experimental results show that, given a genome and a set of known ncRNAs, our method is able to accurately identify and
locate a signiﬁcant number of ncRNA sequences in the genome. The ncRNAscout tool is available for downloading at http://bioinfor-
matics.njit.edu/ncRNAscout.
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Non-coding RNA (ncRNA) is a term that describes any
RNA that is not translated into a protein or any RNA fam-
ily aside from mRNA. Non-coding RNAs have many
important intracellular functions [1,2]. For example,
rRNAs and tRNAs assist in mRNA translation; small
nuclear RNAs (snRNAs) splice mRNA; and small nucleo-
lar RNAs (snoRNAs) are involved in the modiﬁcation of
rRNAs [3]. Although ncRNA sequences are abundant
within genomes [4,5] with numbers comparable to those
of protein-coding genes [6], many potential ncRNA fami-
lies are yet to be discovered and their functions are yet to
be analyzed. To date, imperfect methods have led to an
oversight of ncRNA sequences, even in extensively studied1672-0229/$ - see front matter  2012 Beijing Institute of Genomics, Chinese A
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http://dx.doi.org/10.1016/j.gpb.2012.05.004
⇑ Corresponding author.
E-mail: wangj@njit.edu (Wang JTL).genomes, such as that of Saccharomyces cerevisiae [7,8].
These ncRNA sequences must be identiﬁed using new
methodologies. The ability to identify potential ncRNA
regions within a genome will allow researchers to further
the boundaries of knowledge of yet-to-be discovered
ncRNA families and their likely intracellular roles.
The diﬃculty in discovering ncRNA genes within a
given genomic sequence chieﬂy originates from their pri-
mary sequences not being evolutionarily conserved. Hence,
methods used in the discovery of protein-coding regions,
such as searching for start and stop codons or regions with
coding potential, are not eﬀective in search for ncRNA
regions [9]. A better method would be to combine sequence
and structural features when discovering ncRNA genes
[10–13].
Current tools utilized in ncRNA exploration can be clas-
siﬁed into three categories [1,9]: (i) ncRNA homology
search, (ii) ncRNA prediction, and (iii) ab initio ncRNAcademy of Sciences and Genetics Society of China. Published by Elsevier
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Examples of bioinformatics tools belonging to the ﬁrst cat-
egory are BLAST [14], tRNAscan-SE [15], R-Coﬀee [16],
and Infernal [13,17]. Using a combination of BLAST and
tRNAscan-SE allows one to annotate most rRNAs and
tRNAs [18]. R-Coﬀee [16] computes multiple sequence
alignments suitable for ncRNA searches. Infernal has been
applied to roX1 RNA detection in Drosophila genomes
[10]. However, these tools are limited in the numbers of
ncRNA families they are able to detect. The tool Gotoh-
Scan [18] attempts to ﬁx these problems with homology
search by utilizing a semi-global alignment approach. Got-
ohScan performs fairly well compared to the aforemen-
tioned tools as it is able to identify tRNAs, rRNAs,
snRNAs, and many other types of ncRNA, with the excep-
tion of microRNAs. Although eﬀective in detecting known
ncRNA families, bioinformatics tools that solely rely on
homology searches such as GotohScan have not been able
to discover novel ncRNAs (i.e., those that may not belong
to any known ncRNA families).
Examples of bioinformatics tools in the secondary cate-
gory designed for ncRNA prediction include QRNA [19],
ddbRNA [20], MSARI [21], and EvoFold [22]. The best
known tool in this category is perhaps RNAz [5]. RNAz
combines multiple alignments of 2–6 sequences with mea-
sures of secondary structure conservation and thermody-
namic stability of base pairs. RNAz builds on other
programs to accomplish its goal. These programs include
RNAfold [23] for folding single sequences and RNAalifold
[24] for predicting the consensus structure of aligned
sequences. Thermodynamic stability is measured by mini-
mum free energy (MFE). RNAz compares the MFE of
base pairing within a given sequence to random sequences
of the same length and base composition. The tool calcu-
lates a z-score, where negative z-scores indicate that a
sequence is more stable than expected by chance. The
MFE of the consensus structure, as calculated by RNAal-
ifold, is compared to the average MFE of the secondary
structures of the individual sequences in a multiple align-
ment through the usage of a structure conservation index
(SCI). The z-score and SCI are combined in an SVM learn-
ing algorithm. This SVM algorithm, trained on a set of
cross-species ncRNAs, is able to classify an inputted multi-
ple alignment as ncRNA or not.
There are relatively fewer tools in the third category
designed for ab initio ncRNA discovery. Two bioinformat-
ics tools in this category are NCRNASCAN [8] and
smyRNA [1]. Given a genomic sequence and a set of ncR-
NAs, these tools are capable of discovering novel ncRNAs
(which may or may not belong to known ncRNA families).
While NCRNASCAN relies on parameters within the sec-
ondary structure, smyRNA focuses on motifs within the
primary sequence. NCRNASCAN had success in detecting
microRNAs but failed for other ncRNAs. The developers
of NCRNASCAN pointed out that secondary structure
alone is generally not statistically signiﬁcant for the detec-
tion of ncRNAs. On the other hand, the more recent tool,smyRNA, which uses sequence motifs, has been shown to
discover many novel ncRNAs in genomic sequences. It is
therefore reasonable to assume that some sequence motifs
may be indicative of the presence of ncRNA.
At the moment, there is no method that combines both
sequence motifs and structural parameters for ab initio
ncRNA discovery. Since it has been shown that secondary
structure alone lacks statistical signiﬁcance in detecting
ncRNAs [8], a hybrid approach is promising. In this study,
we present a hybrid method, named ncRNAscout, for
ncRNA discovery, and assess its performance relative to
smyRNA.Method
ncRNAscout is an ab initiomethod, which seeks to improve
upon smyRNA by combining both sequence motifs and
secondary structure parameters to determine the locations
of ncRNA regions within a genome. ncRNAscout adopts
three variables: (i) log-likelihood ratio, (ii) t-score of
MFE, and (iii) a novel sequential variable probability
(SVP). The log-likelihood ratio is used to determine possible
regions within the genome that might contain ncRNA
sequences. We locate these candidate regions in the genome
where the log-likelihood ratio is maximized in a way similar
to the scan algorithm employed in smyRNA. Used in a
support vector machine (SVM), the t-score and SVP are
combined to make a ﬁnal decision about the presence of
ncRNA in each candidate region identiﬁed using the log-
likelihood ratio.Log-likelihood ratio
The log-likelihood ratio [1] compares the frequency of a
certain k-mer motif within a set of known ncRNAs and
the frequency of the k-mer motif within the complete geno-
mic sequence. The number of occurrences of the k-mer
motif m in the known ncRNA set and the genome is
expressed as fN ðmÞ and fGðmÞ respectively. The frequency
of m in the set of known ncRNAs and the frequency of that
same motif in the genome are deﬁned respectively as:
F NðmÞ ¼ fN ðmÞP
8m0fN ðm0Þ
F GðmÞ ¼ fGðmÞP
8m0fGðm0Þ
The log-likelihood ratio for the speciﬁed motif m is then
deﬁned as:
LðmÞ ¼ log F NðmÞ
F GðmÞ
For a sequence S within the genome, the sum of all its
individual k-mer motif scores will result in the log-likeli-
hood score R for the entire sequence, as shown by:
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Xjsjkþ1
i¼1
LðS½i : iþ k  1Þ
Here, S[i:i + k  1] is the k-mer motif in S starting at
position i and ending at position i + k  1. A higher log-
likelihood score indicates that S is more common in the
set of known ncRNAs and a lower log-likelihood score
indicates that S is more common in the genome. A
sequence S that is more common in the set of known ncR-
NAs will be considered more likely to be part of a novel
ncRNA.
t-Score of MFE
As mentioned above, ncRNAscout ﬁrst locates candidate
sequences within the genome where the log-likelihood score
of the sequences is maximized. The t-score of a candidate
sequence’s MFE is used to determine whether or not the
candidate sequence is ncRNA. To fold the candidate
sequences and to calculate their MFE values, ncRNAscout
employs the C libraries of the Vienna RNA package ver-
sion 1.8.4 [25]. The MFE folding routines of this package
were used. If a sequence has a high probability of not being
random as determined by the t-score, then it is possible that
it is ncRNA. After calculating the MFE of a sequence, the
t-score is utilized to normalize the MFE value so that the
sequence’s length is not a factor [26].
To calculate the t-score, the values of mean and stan-
dard deviation of random sequences of a certain nucleotide
length were calculated. We generated x samples, each hav-
ing y random nucleotide sequences, to calculate these val-
ues. We set x to 15 and y to 250, to create a suﬃciently
large sample size to represent the set of random sequences.
The lengths of these sequences ranged from 50 to 750
nucleotides (nt), in steps of 50. Each sequence has the same
GC content as the genome used as input. This then allows
ncRNAscout to create and use a linear model to calculate
the mean and standard deviation of the MFE values of
nucleotide sequences at various lengths. While searching
for ncRNA regions in the genome, the MFE e of potential
ncRNA regions is calculated, the sample mean eo and sam-
ple standard deviation so are obtained from the model and
the t-score is calculated by:t ¼ e eosoﬃﬃ
y
pSequential variable probability (SVP)
SVP is another variable that utilizes sequence patterns. It
contains four components: (i) GC content, (ii) continuous
CG content, (iii) continuous CC content, and (iv) continu-
ous GG content. The continuous X1 X2 content is the per-
centage of the sequence that has the X2 nucleotide directly
following the X1 nucleotide on a DNA molecule. GC con-
tent has been previously used to identify ncRNA geneswithin AT-rich genomes such as those of the Archaea Pyro-
coccus furiosus and P. abyssi [27], because A-T pairings are
detrimental to the thermal stability of an RNA secondary
structure [28]. Consequently, G and C should be signiﬁ-
cantly more common within ncRNA sequences. Therefore
it can be hypothesized that the continuous CG content, con-
tinuous CC content and continuous GG content should be
higher in ncRNA sequences than in non-ncRNA sequences.
To get the SVP value, each component was assigned a
weight, i.e.,WGC,WCC,WGG, andWCG so that better indi-
cators will have a larger presence in the value. Next, for
each known ncRNA, we generate a corresponding nucleo-
tide sequence of the same length and with the same GC
content as the genome. The mean and standard deviation
of the four components are then calculated and are used
as the SVP model. During runtime, the four components
of the SVP value, namely SGC, SCC, SGG, and SCG, are cal-
culated for each possible ncRNA region; the SVP is calcu-
lated such that:
SVP ¼ SGC W GC þ SCC W CC þ SGGW GGþ SCGW CG:
The individual components are calculated by getting a
t-score of the SXX value in the random sequence distribu-
tion. Then, the resulting probability calculated using Boost
C++ t-distribution libraries (http://www.boost.org/) is the
SXX value.Evaluation
Performance measures
To evaluate and compare ncRNAscout with smyRNA,
four measures are used: (i) sensitivity, (ii) positive predic-
tion value (PPV), (iii) Matthews correlation coeﬃcient
(MCC), and (iv) percentage of known ncRNAs detected.
These performance measures are used to determine how
accurately a method is able to locate the regions of known
ncRNAs within a genome. Sensitivity focuses on the num-
ber of true positives (TP) and the number of false negatives
(FN), PPV focuses on TP and the number of false positives
(FP), and MCC is a combination of both. A TP is deﬁned
as a location within the genome that is determined by a
method to be part of an ncRNA and that is actually part
of an ncRNA. A FP is deﬁned as a location within the gen-
ome that is determined by the method to be part of an
ncRNA when it is not. A FN is deﬁned as a location within
the genome that is determined to not be ncRNA when it is
ncRNA.
To calculate the performance measure values, the
known ncRNA genes used in the study and the ncRNA
sequences detected by the method are rewritten as a series
of ‘ones’ and ‘zeroes’. A ‘one’ represents a known or
detected ncRNA location and a ‘zero’ represents a portion
of the genome that is not a known ncRNA or not deter-
mined by the method to be ncRNA. An AND operation
is conducted upon the two sequences to determine the
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the number of FPs and FNs. Sensitivity, PPV and MCC
are then deﬁned as:Sensitivity ¼ TP
TPþ FN
PPV ¼ TP
TPþ FP
MCC ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PPV Sensitivity
pFigure 1 Sensitivity, PPV and percentage of detections that overlap with
known ncRNA genes for ncRNAscout on a shuﬄed E. coli genome
Half of the shuﬄed genome was used as training data and the other half
was used as test data. ncRNAscout demonstrated the best performance at
a threshold of 6.0 with a PPV of 0.393, sensitivity of 0.213, and percentage
of overlap with known ncRNA genes of 1.0.Since MCC provides a balance between the sensitivity and
PPV values as it takes both FP and FN into account, it is
therefore used as the evaluation measure. In this work, an
MCC of 0.5 is set as a cutoﬀ for an acceptable prediction.
Evaluation of false discovery rates
To compute the false discovery rate (FDR) of a method,
either wet-lab experiments must be conducted to identify
every known ncRNA in the genome or an in silico experi-
ment is conducted on shuﬄed genomes [11]. These shuﬄed
genomes are created so that no unknown ncRNA exists in
their nucleotide sequences. To shuﬄe the genome, we use
the same algorithm as in [1], which consists of the following
steps:
1. Extract and remove all known ncRNA genes and store
them in an array.
2. Generate a number i that is larger than the nucleotide
length of the genome G without the extracted genes.
3. Repeat steps 4 and 5 i number of times.
4. Generate two random integers x, y.
5. Swap G[x] and G[y].
6. Insert the previously extracted ncRNA genes back into
the newly formed sequence.
This methodology ensures that the unknown ncRNA
sequences located within the genome are broken up and
will cause the method to search only for the known ncR-
NAs within the shuﬄed genome. An unshuﬄed genome
is deﬁned as a genome that was not put through these six
steps. The FDR of a method is then deﬁned as:
FDR ¼ FP
TPþ FP
where TP and FP are calculated using a shuﬄed genome.
Classiﬁcation of sequences
ncRNAscout performs a double checking on each sequence
to make sure it is a potential ncRNA. First, the log-likeli-
hood ratio of the sequence must be over a certain thresh-
old. In smyRNA, a threshold value of 11.0 was used;
however, this threshold value can be lowered to 6.0, a morelenient value that allows more regions to pass to the next
stage in which the sequences are run through a SVM [29].
For ncRNAscout, the threshold value of 6.0 provided the
best trade-oﬀ between sensitivity, PPV, and percent of ﬁnd-
ings/detections that overlap with known ncRNA sequences
on a shuﬄed Escherichia coli genome (Figure 1).
The SVM used in this study was the LIBSVM down-
loaded from http://www.csie.ntu.edu.tw/~cjlin/libsvm/
[30]. ncRNAscout uses a premade model trained on the gen-
ome of E. coli str. K-12 substr. DH10B (GenBank accession
No. CP000948). The training set, which contains positive
and negative examples, can be downloaded from http://bio-
informatics.njit.edu/ncRNAscout. Positive sequences are
ncRNAs on the E. coli genome that are obtained from the
Rfam database v10.1 [31]. Negative sequences are non-
ncRNAs that are randomly generated as done in producing
shuﬄed genomes. Each training record contains two
features, t-score of MFE and SVP, extracted from a
sequence. A cross-plot is presented in Figure 2, which shows
the distribution of the positive and negative examples in the
training set.
We used the radial basis function (RBF) kernel provided
in the LIBSVM package. The RBF kernel achieved the best
results among all kernel functions included in the package.
The optimal parameter values for the RBF kernel were
determined by grid search using 10-fold cross validation
with the grid.py utility supplied by LIBSVM running on
the training set (best C = 13.4543426441, c = 8). The test-
ing set contains sequences taken from four other genomes
explained below, which are diﬀerent from E. coli. The
SVM took the t-score of MFE and the SVP value of a test
sequence as input, and classiﬁed the sequence as either
ncRNA or not.
Figure 2 Cross plot showing the distribution of positive (ncRNA) and negative (non-ncRNA) examples in the training set
Figure 3 Correlation of log-likelihood scores between E. coli and Shigella
ﬂexneri
With a correlation coeﬃcient of approximately 0.928 and an R2 value of
0.8603 when using a linear ﬁt, a linear relationship does exist for log-
likelihood scores between E. coli and S. ﬂexneri. This relationship
demonstrates that log-likelihood score algorithms of ncRNAscout and
smyRNA produce similar outcomes.
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To eﬀectively compare ncRNAscout and smyRNA using
the aforementioned performance measures, both methods
were run on four diﬀerent microbial genomes: Acholeplasma
laidlawii PG-8A (GenBank accession No. CP000896), Can-
didatus Methanoregula boonei 6A8 (GenBank accession No.
CP000780), Brucella suis 1330 chromosome 1 (GenBank
accession No. AE014291), and Acidovorax sp. JS42
(GenBank accession No. CP000539). These four genomes
constitute the testing set. The genomes were chosen so that
there would be a variety in both their nucleotide length and
their GC content. This way, the usage of these four genomes
allows the methods to be tested on a variety of situations
including AT-rich, GC-rich, long, and short genomes.
To make sure the genome ﬁles are current and accurate,
the complete records of the genomes were downloaded
from NCBI’s GenBank in FASTA format. The down-
loaded FASTA ﬁles were then processed to remove all
non-ATCG characters, such as the new line character
and other ASCII code ‘00’ characters, thus ensuring that
both the GC content of the genomes, as well as the other
SVP components, can be calculated accurately. Next, for
each of these four genomes, the set of known ncRNAs
was downloaded from the Rfam database v10.1 [31] as a
generic feature format (GFF) ﬁle. This ﬁle was then parsed
to retrieve the start position, end position, and aliases of all
entries of type “ncRNA” which were subsequently used to
create an “rnapos” ﬁle. A trimmed version of this ﬁle with-
out the aliases was used in testing ncRNAscout and
smyRNA. Another trimmed rnapos ﬁle for E. coli without
the aliases was used to train smyRNA according to the
methodology of Salari et al. [1].
Like smyRNA, ncRNAscout’s log-likelihood ratio
algorithm was set to search for pentamers (k-mer motif
with k = 5) because Salari et al. [1] found the best results
using this k value. To verify that the two methods of calcu-
lating log-likelihood ratios produce identical outcomes, thelog-likelihood scores for E. coli and Shigella ﬂexneri
(GenBank accession No. AE005674) were compared. With
smyRNA’s algorithm, a linear relationship was found
between the log-likelihood scores of these two genomes.
If ncRNAscout was accurately calculating the log-likeli-
hood scores, the same relationship should be observed.
Figure 3 supports this hypothesis.
Once all the necessary data was prepared, ncRNAscout
and smyRNA were used to scan the genomes. The results
were then analyzed to determine the accuracy of both
methods in identifying known ncRNA sequences. Each
genome had its nucleotide length, GC content, and number
of known ncRNAs recorded in addition to its potentially
Table 1 ncRNAs detected in four genomes by ncRNAscout and smyRNA, respectively
Genome source Nucleotide
length (nt)
GC content (%) No. of known ncRNAs
(No. of results detected by
ncRNAscout, smyRNA)
Percentage of known
ncRNAs detected
(%)
No. of
detections with
MCC > 0.5
Acholeplasmalaidlawii PG-8A 1,496,992 31.92 42 (291, 389) 92.857, 95.238 9, 12
Acidovorax sp. JS42 4,448,856 66.17 134 (753, 3088) 96.269, 70.149 20, 13
Brucella suis 1330 chromosome 1 2,107,794 57.21 49 (239, 838) 89.796, 71.429 34, 5
Candidatus Methanoregula boonei 6A8 2,542,943 54.51 23 (76, 467) 73.913, 56.522 10, 3
Note: In columns 4, 5, and 6, results from ncRNAscout are in bold and results from smyRNA are in italics.
Table 2 Diﬀerent types of known ncRNAs detected by ncRNAscout and
smyRNA in the Acidovorax genome
ncRNA type Total No. in
each type
No. detected by
ncRNAscout
No. detected
by smyRNA
SSU_rRNA_bacteria 3 3 3
PtaRNA1 1 0 1
Bacteria_small_SRP 1 0 1
CRISPR_DR4 75 75 59
tRNA 46 43 46
PK-G12rRNA 3 3 3
RNaseP_bact_a 1 1 0
tmRNA 1 1 1
5S_rRNA 3 3 3
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detect a known ncRNA if the method can correctly identify
at least one nucleotide in the known ncRNA sequence.
That is, the putative ncRNA predicted by the method over-
laps with the known ncRNA sequence. The results are
summarized in Table 1, which shows that ncRNAscout is
able to detect more of the known ncRNAs than smyRNA
and with more accuracy as well.
For example, refer to the Acidovorax genome in Table 1.
There are 134 known ncRNAs in the Acidovorax genome.
ncRNAscout detects 96.269% (i.e., 129) known ncRNAs
in the genome. In total, ncRNAscout detects 753 putative
ncRNAs in the Acidovorax genome, among which 753–
129 (i.e., 624) are unknown ncRNAs. On the other hand,
smyRNA detects 70.149% (i.e., 94) known ncRNAs. Fur-
thermore, ncRNAscout detects 20 ncRNAs with
MCC > 0.5, while 13 ncRNAs with MCC > 0.5 were
detected by smyRNA, which indicates that ncRNAscout
is more accurate than smyRNA.
Details concerning the genomic locations of the putative
ncRNAs detected by ncRNAscout can be found in Supple-
mentary Material, available for download at http://bioin-
formatics.njit.edu/ncRNAscout. We also conducted
experiments to compare ncRNAscout with smyRNA using
diﬀerent criteria where a method is said to detect a known
ncRNA if the method correctly identiﬁes at least three
(ﬁve, respectively) nucleotides in the known ncRNA
sequence. The results obtained based on these diﬀerent cri-
teria are the same as those given in Table 1.
We next examined which ncRNA types can be found
using ncRNAscout and smyRNA respectively. To run this
experiment, the Acidovorax genome was used because it
contained the highest amount of known ncRNAs (134)and the largest number of ncRNA types (9) among the four
genomes studied here. This provides a broader and more
diverse dataset that can be analyzed. The results are sum-
marized in Table 2, which shows that smyRNA is able to
detect 8 types of ncRNA and ncRNAscout is able to detect
7 types. Neither method was able to detect every type of
ncRNA.
Finally, an experiment was performed to estimate the
FDR of ncRNAscout and smyRNA. Notice that results
from an unshuﬄed genome could not be analyzed for
FDR because there could be unknown ncRNAs in the gen-
ome that have yet to be discovered. This prompted the use
of a shuﬄed version of the Acidovorax genome. Table 3
compares the FDRs of smyRNA and ncRNAscout, and
shows the amount of their detections that overlapped with
known ncRNA regions on the shuﬄed genome.
Discussion
For the bacterial genomes analyzed in this work, ncRNA-
scout was able to discover signiﬁcantly more known ncR-
NAs that surpass the MCC threshold of 0.5, compared
to smyRNA (Table 1). This suggests that ncRNAscout is
more accurate in its detections. On average, ncRNAscout
detects approximately 88.21% of all the known ncRNAs
in the four genomes in Table 1 with a standard deviation
of 9.89%. In comparison, smyRNA detects approximately
73.33% of all the known ncRNAs in Table 1 with a stan-
dard deviation of 16.1%.
From Table 2, smyRNA appears to be able to detect
more ncRNA types than ncRNAscout. Out of the 9 diﬀer-
ent types of known ncRNA, smyRNA detected 8 types and
ncRNAscout was able to detect 7 types. Interestingly,
ncRNAscout performed much better than smyRNA at
detecting the CRISPR_DR4 ncRNA type and only slightly
worse at detecting tRNA. However, ncRNAscout could be
used in conjunction with tRNAscan-SE [15] to detect all
tRNAs.
In addition, because GC content makes up 50% of the
SVP variable, it would be reasonable to assume that if
GC content were only signiﬁcant in AT-rich genomes then
there would be a correlation between the percentage of
known ncRNAs detected and GC content. However, from
ncRNAscout’s results, there appears to be no correlation
between the two numbers (Table 1). These results indicate
that SVP can be eﬀectively used to detect ncRNA genes,
and ncRNAscout is not only limited to AT-rich genomes.
Table 3 Results from ncRNAscout and smyRNA on the shuﬄed Acidovorax genome
Method No. of detections Detections overlapping with ncRNAs (%) FDR (%) PPV Sensitivity MCC
ncRNAscout 56 14.3 88.794 0.112 0.9696 0.3296
smyRNA 2894 0.584 99.883 0.00117 0.239 0.0168
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performs its best in the AT-rich genome of Acholeplasma
laidlawii PG-8A by detecting around 95% of all known
ncRNAs (Table 1). In the other three GC-rich genomes
in Table 1, known ncRNA detection rates ranged from
56% to 71% for smyRNA. At the same time, results gener-
ated by ncRNAscout remained relatively consistent.
Currently, a problem with ab initio ncRNA sequence
discovery tools is the number of false positives they pro-
duce. It is impractical to do wet-lab experiments to verify
each result detected by these tools. In our proposed
approach, a reduction of FDR is necessary, and hence a
second layer of veriﬁcation is added to the process. From
the shuﬄed genome results (Table 3), ncRNAscout has a
lower FDR value of 88.794% compared to 99.883% with
smyRNA. This number thus proves that the addition of
the second layer of veriﬁcation by the SVM using structural
parameters and sequence patterns does reduce the FDR of
the program. Future research will hopefully be able to uti-
lize more accurate structural and sequential parameters to
lower the FDR value even further. In addition to the FDR,
ncRNAscout demonstrates improvement in its detection
algorithm as it has higher PPV, sensitivity, and MCC val-
ues as well, as shown in Table 3.
Even though Rivas and Eddy [8] have shown that sec-
ondary structure itself is not signiﬁcant in detecting
ncRNA regions, and Klein et al. [27] have only been able
to use GC content in AT-rich genomes, ncRNAscout is
able to use both sequence motifs and structural parameters
to detect ncRNAs with moderate success. Both ncRNA-
scout and smyRNA utilize similar pattern-searching meth-
ods to look for the initial regions where ncRNA may exist.
While smyRNA only uses a threshold (with a value of 11.0)
for the log-likelihood ratio, ncRNAscout lowers this
threshold (with a value of 6.0) and uses it in combination
with a SVM that takes t-scores of MFE and SVP values
as input. Our experimental results demonstrated the eﬀec-
tiveness of this hybrid approach.
It should be pointed out that both ncRNAscout and
smyRNA are designed for ab initio ncRNA discovery,
which, given a genomic sequence and a set of ncRNAs,
are capable of discovering novel ncRNAs (which may
not belong to any known ncRNA families). These tools
diﬀer from the ncRNA homology search methods sur-
veyed in the Introduction section since the latter aim to
ﬁnd members of known ncRNA families and are not
applicable to novel ncRNA discovery. There have been
eﬀorts to use some of the ncRNA prediction tools sur-
veyed in the Introduction section, such as RNAz, for
novel ncRNA searches. However, the discovery ability ofRNAz depends on the quality of multiple alignments
inputted to the program [1].
Conclusion
In this paper we present a new ab initio method (ncRNA-
scout) for ncRNA discovery that seeks to merge sequence
motifs with structural parameters. Our experimental results
show that ncRNAscout is able to accurately identify more
known ncRNAs than the closely related method,
smyRNA. Both methods detect a large number of
unknown ncRNAs (Table 1), suggesting that the two tools
could be used together for novel ncRNA discovery. Since
ncRNAscout utilizes the same basic concept as smyRNA,
we conclude that the additional parameters employed by
ncRNAscout, including t-scores of MFE and SVP values,
are what make ncRNAscout more accurate than smyRNA.
Together, sequence motifs and structural parameters have
the potential to contribute to the building of leading meth-
ods for genome-wide ncRNA discovery.
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